In this paper an original approach and a theoretical method, based on techniques of Frequency Response Analysis (FRA), soft computing and machine learning, are described for the continuous monitoring, prognosis and fault diagnosis of the various joint regions of overhead lines for power transmission. The proposed procedure can be considered an intelligent measurement module, where a single measurement can be used by a neural processor to extract important information for the diagnosis of a complex electrical system.
I. INTRODUCTION
The problem of diagnosing malfunctions in high voltage electrical lines is still challenging. In general, the term "malfunctions" is used to represent working conditions other than the nominal ones. These conditions lead to loss of functionality and precede the system fault. Therefore, the identification of malfunctions allows to prevent high critical failures and their location is an important aspect to reduce recovery times and improve network reliability. The high voltage overhead networks are the main topics of this work because they are characterized by a long territorial coverage and some sections of them are in different environmental conditions. They are called transmission lines and carry high voltage electricity by connecting production centres with primary stations close to urban centres.
The first aim of this work is to improve the theoretical method for locating the malfunctions on transmission lines through the analysis of the frequency response [1] . The high voltage electrical line is considered as a succession of joints and conductor stretches, that are the most stressed parts of the network. Therefore, it is necessary to associate a lumped electrical circuit with each conductor section and each joint. In this way it is possible to model the whole electrical line and obtain the overall circuit, with a frequency response that depends by the parameters of joints and conductors.
The conductors are the parts of the overhead line used to transport the current from the starting point to the users and, in the high voltage electrical systems, they consist of a steel core and aluminum cladding [2] [3] [4] . The aluminum part is the real conductor, the steel core is used to improve mechanical strength. For this type of conductors there are many standard models, for example π-model or t-model. Πmodel is used in this work and it presents two longitudinal parameters and two shunt parameters that depend on the physical characteristics of the conductor section [5] [6] .
To complete the network model, it is necessary to create a lumped joint circuit. The joint is the part of the line that must guaranteed electrical continuity between two conductor parts of the same phase. Since there are no standard models for the joints of the overhead lines, the solder joint circuit is used in this work [7] . The solder joint is a typical connection for analog circuits with a low electrical power. The physical model of the solder joint can be considered similar to the model of some high voltage joints. In the overhead line there are two different types of junction region: Bolted Joint and Compression Joint [8] ; the first one is considered in this document because it has a structure compatible with that of the solder joint.
Through cascade connection of the joint equivalent circuit and that of the conductor it is possible to create a network elementary section. The succession of these elementary sections allows to obtain the whole electrical circuit of the line and all the parameters depend on the physical characteristics of joints and conductors.
There are many factors that could change the line state of health, such as the oxidation mechanism, material aging and partial breakage of the structure [7] . These factors modify the physical conditions and then change the electrical line parameters [9] [10] . In this work it is assumed that only the joint electrical parameters change their values as a function of the failure mechanisms, while the conductors represent the fixed components of the line.
Therefore, the diagnosis method must allow to link the variation of the frequency response with the conditions of the joints. The main development of the procedure shown in [1] consists in replacing the Newton Raphson method with a soft computing approach to classify the state of health of the joints. This results in three main advantages:  to simplify data collection and management of the whole system;  to allow the increase of number of elements treated with a single measurement;  to be "naturally" disposed to diagnosis and prognosis with continuous online updating of the state. The steps of line modelling and circuit analysis are still necessary to obtain the best measurement frequencies and to 978-1-7281-4577-8/19/$31.00 ©2019 IEEE establish the categories of malfunctions. The final purpose is to obtain an "intelligent-machine" module, non-intrusive and simple to manage also from a safety point of view which, installed at the beginning of the line to be monitored, takes it under control in real-time.
II. LINE MODELLING
The line elementary section is realized through the series connection of the joint circuit and the conductor [2] [4] . The π-model components depend on the characteristic parameters of the conductor (R l ', C l ', L l ', Gl') and on the length of the considered line section (Δλ l ). The physical structure of the solder joint is used to obtain the bolted joint electrical model. In this case the components depend on three dimensional characteristics: Δλ is the length of the junction region, d is the width of the junction region and H is the height of the junction region. In nominal conditions the joint electrical parameters are determined only by these characteristics [7] [8] [11] . Therefore, there are three parameters: the resistance R sj , the inductance L sj and the capacitance C sj . The last one has not a formulation in nominal conditions because it depends on the parasitic effects.
(
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In alternating current, the skin effect limits the surface available for conduction and the value of R sj changes according to the frequency . In fact, δ is the depth of penetration of the current at the frequency f, as in (3).
The joint parameters can be changed by oxidation mechanism and partial breaking mechanism [7] [11] . In particular, the oxidation of the joint structure decreases the conductivity σ, causing the increase of the resistance R sj. It is possible to consider the partial breakage mechanism when the joint is much oxidized and, in this condition, each parameter of the joint changes. In particular, the variation of L sj is considered to detect the partial breakage mechanism because the sensitivity of C sj variation is low.
The formulas (4), (5) and (6) are obtained by introducing a typical breaking mechanism of solder joints. There are two breaking parameters: x is the width of the crack and h is the height of the crack.
III. PROCEDURE OUTLINES
The first aim of the procedure is the localization of the joints that are in critical conditions. The joint state of health is defined by studying the equivalent circuit frequency response. The network transfer function depends on the joint electrical parameters, which change according to the failure mechanisms. In some cases, the theoretical method shown in [1] allows to identify the values of the joint electrical components and consequently it is possible to classify the state of health of each junction region. In this way it is possible to locate the malfunctions and the junction in the worst conditions: this allows to organize the ordinary maintenance avoiding critical failures and reducing the recovery time. The parameter identification is not necessary in this work because the conditions of each junction region are classified through the neural network. The state of health of each junction region can be classified in three different categories:
 nominal condition;  soft fault (oxidation in progress);  hard fault (breaking of the element).
All these categories are defined through the analysis of the joint electrical parameters [7] . The nominal condition represents the perfect functioning of the junction region and each parameter is inside the manufacturing tolerance; in the soft fault condition some of the electrical parameters lie outside their allowed intervals and the variation leads to the loss of functionality; if the deviation of the parameters is extremely significant, the joint is in the hard fault condition. The soft fault condition is characterized by the presence of the oxide layer between the faces of the bolted joint. The hard fault condition represents the partial breakage of the structure.
The complex neural network allows to classify the joint condition through the measurements of the frequency response. The testability analysis is still necessary and the best frequencies for the measurements are selected to minimize the error deriving from tolerances and noise. Then, the main steps of the method are:
 Circuit simulation;  Testability analysis;  Optimum frequency set selection;  Classification of the joints.
A. Circuit Simulation
The procedure requires many simulations of the circuit, at different frequencies. The number of simulations can be sometimes very high, because a high number of samples allows a better training, and the simulator SapWin © (Symbolic Analysis Program for Windows) [12] is well suited to this purpose. It is a simulation software developed by the authors, available at [13] . It provides the response of a circuit in symbolic format. This allows to perform the necessary simulations in a very quick time.
B. Testability and Ambiguity Groups
In any problem of circuit parameter inversion a preliminary analysis of "testability" is required, that gives the maximum number of parameters that can be considered unknow at the same time for a given set of test points [14] [15] . Therefore, the testability of the circuit corresponds to the solvability degree of the fault equation system. The term solvability degree indicates how many and which parameters are identifiable starting from measurements made on the chosen test point. The value of testability T cannot be greater than the total number of the unknow parameters N, which are the components potentially failed and variable. If the testability value T is less than N there is at least one ambiguity groups. The ambiguity groups are sets of electrical components that cannot be considered variable at the same time [16] [17] . The variation of one of these components is no discernible through the frequency response analysis. In this work, the testability analysis is performed by the program LINFTA [14] exploiting the SapWin © simulation. The circuit under test is the equivalent circuit of the overhead line and only joint parameters are considered variables. When testability is maximum, each junction region can be considered potentially failed and its parameters are considered variable.
C. Optimun Frequency Set Selection
To obtain the measurements of the transfer function it is advantageous to select the test frequencies in order to reduce the error deriving from tolerances and noise [18] . The number of the test frequencies was defined to obtain the solvable fault equation system in the method [1] . Therefore, the number of the frequencies was equal to the difference between the number of the unknown parameters and the number of the considered transfer functions. Since in this work the parameter identification is not necessary, the number of frequencies is defined to best train the complex neural network. In this case, the procedure shown in [18] can still be used: the first step is the determination of the Jacobian matrix (J M ) of the nonlinear fault equation set, then the Test Index (T.I) can be calculated as follows:
where σ MAX and σ MIN are respectively the maximum and minimum singular value of the Jacobian matrix and k is the condition number of the Jacobian matrix, defined as follows:
The frequency search program is associated with the software package SapWin © . It minimizes the Test Index with respect to the frequency range in order to reduce tolerances and measurement noise.
D. MVN-Based System for Classification
Among the existing intelligent classifiers, the choice fell on a classifier developed by the authors, in virtue of the excellent performances compared with others, as SVM (the best classifier among those tested by the authors for this kind of problems). It is based on a multilayer neural network with multi-valued neurons (MLMVN), a derivative free learning algorithm, presented and justified in [19] . MLMVN is a feedforward neural network based on a MVN neuron with n complex-valued inputs and one complex-valued output, located on the unit circle. Inputs can be arbitrary complex numbers and in particular they can be located on the unit circle [19] . Since in this paper frequency measurements are considered, this kind of neural network results particularly recommended because the input data are "naturally" complex.
MVN may have a discrete activation function:
is the weighted sum of inputs and k is the number of classes in a corresponding classification problem) or a continuous activation function P(z) = e jArg( z) = z/|z| (10) where z is the weighted sum and Arg(z) is the argument of the complex number z.
The used learning algorithm was suggested in [20] , generalized to any number of output neurons and hidden layers and combined with soft margins idea [21] . A batch learning algoritm is used to adjust the weights for the entire learning set. It means that the algorihm starts from the random weights and the weights are adjusted just after the errors have been calculated for all samples from the leaning set. This procedure is in accordance to the backpropagation rule for MLMVN [20] , [22] . The used network is built with a single hidden layer with N neurons and the weights , which are equal to the following weighted sum: 
where () j si x is the i th input of the s th hidden neuron from the j th learning sample, () s Δw is a vector of unknown correction terms for the s th hidden neuron, and () s δ is a vector of errors calculated over the whole set of samples. System (12) is overdetermined for the many practical problems (i.e. the one presented here), when the number of samples in the learning set is much larger than the input dimension, that is 1 Mn  . In order to find a good approximate solution, a least squares method can be adopted, to find 
where X * =(X T X) -1 X T is the pseudo-inverse matrix of X taken from (12) and X T is the conjugate-transposed of X.
After () s
Δw is found from (13) (using for instance the complex QR decomposition or the complex singular value decomposition SVD) the weights of the s th hidden neuron can be adjusted as follows:
After the above procedure is applied to all hidden neurons, a very similar procedure is used to adjust the weights of output neurons. Following the previous approach, a powerful classifier can be obtained with a batch learning algorithm and soft margins [22] .
IV. CASE STUDY AND DISCUSSION
The classification of the joint status is the last step of this procedure and the objective of the developed method. It allows to locate the junction region in the worst condition along the line. All joints are classified with respect to the value of their electrical parameters. The testability of the equivalent circuit is maximum (T=10), there are noambiguity groups and all components can be considered faulty at the same time. The complex neural network described earlier is used as classifier. It classifies the junction regions by associating each of them to a couple of points in the complex plane. This means that there is a couple of output neurons associated to each joint, the first one distinguishes if there is (or not) an oxidation state, the second one if there is a breakage. In this way the output can essentially be classified into three categories: nominal condition, progressive oxidation without breaking and breaking (with or without oxidation). Once the training phase is over, the neural network provides the health status of the joints on the base of transfer function measurements. The neural network training phase is carried out through the matrix of N c samples for each possible combination. The total number of combinations depends on the number of junction regions considered: if the line includes n joints there are 3 n possible combinations, where 3 is the number of categories. The Matlab ® software is used to obtain the training matrix starting from the symbolic transfer function. Therefore, the main steps to obtain the training matrix are the following: export the symbolic transfer function obtained from the circuit simulation on SapWin © , set on Matlab ® the interval values for each electrical parameter that is considered potentially variable and generate N c samples for each combination by varying the components with uniform probability distribution. The higher the number of the samples N c , the better the network training. In this phase it is also important to consider an appropriate number of frequencies, whose values can be set on the base of the optimal frequencies previously established. In Fig. 3 the architecture of the classification system is reported. The hidden layer of the network is composed by 180 neurons; this number is obtained heuristically (testing the network as the number of neurons increases in a given range). The learning time is just few minutes. In Table I the results are shown for a classification of a line section constituted by five pylons (and therefore 5 joints) with just one measure of current input (i.e. input admittance) simulated with 10000 samples generated by SapWin and Matlab; 7000 samples are used for training and 3000 for the test. Oxidation and Breaking states are related to parameter variations of the model described in sec. II and, in any simulation, the parameters of the line are varied inside a 10% tolerance range. The results can be reputed good. A significant decrease in positive responses can be noted just in the joint 2. The reason of that is not yet clear and it will be investigated in the future. Overall, the results are good, and they can be considered to be an excellent starting point for the diagnosis and prognosis (if evaluated in continuous time) of a line. This method is a valid candidate to become in future an automatic intelligent tool for the monitor of overhead high voltage electrical lines.
